Comparing Single-SNP, Multi-SNP, and Haplotype-Based Approaches in Association Studies for Major Traits in Barley Amina Abed and François Belzile* ABSTRACT Genome-wide association studies (GWAS) have been widely used to identify quantitative trait loci (QTLs) underlying complex agronomic traits. The conventional GWAS model is based on a single-locus model, which may prove inaccurate if a trait is controlled by multiple loci, which is the case for most agronomic traits in barley (Hordeum vulgare L.). Additionally, an individual single nucleotide polymorphism (SNP) will prove incapable of capturing underlying allelic diversity. A multilocus model could potentially represent a better alternative for QTL identification. This study aimed to explore different GWAS approaches (single-SNP, multi-SNP, and haplotype-based) to establish SNP-trait associations and to potentially describe the complex genetic architecture of seven key traits in spring barley. The multi-SNP and haplotype-based approaches unveiled a larger number of significant associations, some of which were shared with the single-SNP approach. Globally, the multi-SNP approach explained more of the phenotypic variance (cumulative R 2 ) and provided the best fit with the genetic model [Bayesian information criterion (BIC)]. Compared with the multi-SNP approach, the single-SNP and haplotype-based approaches were relatively similar in terms of cumulative R 2 and BIC, with an improvement with the haplotype-based approach. Despite limited overlap between detected QTLs, each approach discovered QTLs that had been validated previously, suggesting that each approach can uncover a different subset of QTLs. An integrated GWAS procedure, considering single-locus and multilocus GWAS approaches jointly, may improve the capacity of association studies to detect key QTLs and to provide a more complete picture of the genetic architecture of complex traits in barley.
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• The multiple single nucleotide polymorphism (multi-SNP) and haplotype-based approaches that jointly consider multiple markers unveiled a larger number of associations, some of which were shared with the single-SNP approach.
• A larger overlap of quantitative trait loci (QTLs) between the single-SNP and haplotype-based approaches was obtained than with the multi-SNP approach.
• Despite a limited overlap between the QTLs detected by these approaches, each uncovered QTLs reported previously, suggesting that each approach is capable of uncovering a different subset of QTLs.
• We demonstrated the efficiency of an integrated genome-wide association study (GWAS) procedure, combining single-locus and multilocus approaches to improve the capacity and reliability of association analysis to detect key QTLs.
• The efficiency of barley breeding programs may be improved by the practical use of QTLs identified in this study.
within a population to examine the degree of association between thousands or millions of SNPs with a trait of interest (Varshney and Tuberosa, 2007; Lee et al., 2015; Beilsmith et al., 2019) . It is based on linkage disequilibrium (LD), defined as the nonrandom segregation of SNPs and QTLs leading to associations between them (Hayes, 2013; Choi et al., 2015; Bartoli and Roux 2017) . These associations exist because there are portions of the genome in the population being studied that trace back to a common ancestor without being separated by recombination. Consequently, identical marker or haplotype alleles will be carried by these portions and the presence of a close QTL within this portion will also carry identical allelic combinations (Hayes, 2013) .
Originally designed for human genetics, GWAS has become increasingly popular and powerful in plant genetic research over the last decades. Three main reasons can explain this interest. First, it is highly relevant to breeding programs because it can directly exploit existing and extensive phenotypic data collected during variety registration trials. Second, compared with previous QTL mapping approaches (e.g., biparental crosses), it offers an increased genetic resolution because breeding populations contain more recombination events and more alleles than biparental populations (Waugh et al., 2014) . Third, it has become increasingly feasible after the emergence of cost-effective and high-throughput genotyping approaches [e.g., genotyping by sequencing (GBS) (Elshire et al., 2011) ], thus supplying GWAS with the required SNP density (Biscarini et al., 2016) . Even though high-throughput genotyping approaches make GWAS relevant to many species, several factors may influence the power with which true associations with QTLs can be detected. These factors include the proportion of total phenotypic variance explained by the QTLs, the QTLs' effect size, the number of loci affecting the trait, the population size, the frequency of the rare allele at the associated SNPs and the significance level set by the experimenter (Hamblin and Jannink, 2011; Uchiyama et al., 2013) . Sufficiently exhaustive marker coverage is also a key factor in the success of GWAS, as insufficient coverage reduces the power for QTL identification. The marker density required is a function of the extent of LD in a population (Waugh et al., 2014; N'Diaye et al., 2017) : if LD decays rapidly within a genomic region, a large number of SNPs will be necessary to scan this region in a search to reveal the underlying QTLs and vice versa (Ersoz et al., 2007; Hayes, 2013; Uchiyama et al., 2013) . The genetic architecture and heritability of a trait plays a large role in detection success, as reduced heritability decreases the statistical power (Vaughn et al., 2014) and the different architectures are likely to interact with marker characteristics, influencing the statistical power (Hamblin and Jannink, 2011) . The success of GWAS is also heavily influenced by the experimental design and accurate evaluation of the phenotype; for higher resolution and allele mining, greater phenotypic variation is required (Ersoz et al., 2007; Uchiyama et al., 2013) .
One of the major issues in GWAS is that mapping a breeding population implies a tradeoff between capturing real phenotypic variation and confounding the association with population structure (Pritchard et al., 2000; Ersoz et al., 2007; Zhao et al., 2007; Beilsmith et al., 2019) . Population structure is largely caused by the origin and history of the population, which create unbalanced allele frequencies among subpopulations, false LD between markers and QTLs and leads to capture significant false positive associations caused by factors other than genetic linkage (Uchiyama et al., 2013; Waugh et al., 2014; Mihalyov et al., 2017) . To control the occurrence of false positives, it is essential to correct for population structure by including a matrix of genotype similarity in the mixed linear model used to identify associations (Kang et al., 2010; Bartoli and Roux, 2017; Beilsmith et al., 2019) .
Several statistical approaches seek to identify marker-trait associations (Hayes, 2013) . These methods can have a substantial effect on the success of GWAS, as they differ in their power and reliability (Yu et al., 2006; Stich et al., 2008; Zhang et al., 2010; Gawenda et al., 2015; Visscher et al., 2017; Wen et al., 2018) . The most commonly used approach is a simple single-locus mixedmodel under polygenic background and population structure controls, where each SNP is tested independently for an association with the phenotype (Bush and Moore 2012; Gupta et al., 2014; Waugh et al., 2014; Wen et al., 2018) . However, a single-locus model does not fit the true genetic model and hence does not adequately estimate the SNP effects because the model may prove inaccurate if a trait is controlled by many QTLs, which is the case for most quantitative traits (Gupta et al., 2014; Wang et al., 2016a) . Additionally, the number of tests involved is equal to the number of SNPs tested, a situation which requires a correction for multiple tests. If this correction is too conservative, it may lead to a failure to detect many important loci (i.e., false negatives) . As SNPs are essentially biallelic, a single-locus model can be less suitable for capturing the true allelic diversity present in a population (Lu et al., 2011; Contreras-Soto et al., 2017; N'Diaye et al., 2017) . Another limitation of single-locus models is that epistatic interactions within or between close genes may exist and cannot be detected by evaluating each SNP separately (Gawenda et al., 2015) .
To overcome some of these limitations, multilocus and haplotype-based models have been recently proposed and applied in some species [e.g., wheat (Triticum aestivum L.), rice (Oryza sativa L.), and soybean (Glycine max [L.] Merr.)]. Testing multiple SNPs simultaneously with a multilocus model can capture the underlying architecture of complex quantitative traits better (Wang et al., 2016a) . When the number of markers is not large, all marker effects and their interactions can be included in a single model. However, if the number of markers is large, the approach is subdivided into two steps: first, SNPs with a very low probability of being associated with the trait (e.g., having a P value of >0.05) are disregarded; second, a multilocus model is implemented in which all remaining potentially associated markers are considered . Several multilocus GWAS models have recently been developed, such as: MLMM (Segura et al., 2012) , mrMLM (Wang et al., 2016a) , ISIS EM-BLASSO , FASTmrEMMA , pLARmEB , and pKWmEB (Ren et al., 2018) . Alternatively, combining adjacent markers that are in high LD into a single multilocus haplotype and testing the association between such haplotypes and the trait of interest may be more powerful and reliable for QTL detection (Liu et al., 2008; Lorenz et al., 2010; Gupta et al., 2014; Gawenda et al., 2015; N'Diaye et al., 2017) . A haplotype approach may (i) overcome the inherent biallelic limitation of SNP markers and accurately capture the allelic diversity of the causal genes present in a collection of accessions; (ii) optimize the use of high-density marker data, including linkage within a locus, the evolutionary history of markers, and the pattern of inheritance over evolution, (iii) increase the power to detect epistatic interactions between or among SNPs at a locus; and (iv) reduce the number of tests, which avoids overconservative adjustments for multiple testing and hence the Type I error rate (rejecting true positives) (Lou et al., 2003; Liu et al., 2008; Lorenz et al., 2010; Gawenda et al., 2015; Contreras-Soto et al., 2017; N'Diaye et al., 2017) .
High-throughput platforms for genotyping at a relatively low cost are now available for barley, allowing the application of GWAS for dissecting the genetic mechanisms underlying agriculturally important traits and to identify useful markers for breeding programs (Bellucci et al., 2017) . Several association studies have been reported in barley for different traits to identify major genes (Ramsay et al., 2011 ) and many complex agronomic traits (e.g., Cockram et al., 2010; Lorenz et al., 2010; Comadran et al., 2011; Pasam et al., 2012; Visioni et al., 2013; Pauli et al., 2014; Gawenda et al., 2015; Alqudah et al., 2016 Alqudah et al., , 2018 Bellucci et al., 2017; Hu et al., 2018) and to explore resistance for some important pathogens (Roy et al., 2010; Massman et al., 2011; Mamo and Steffenson, 2015; Sallam et al., 2017) . The majority of these studies were conducted with a relatively low number of SNPs (1500-9000), which could not fully reveal the genetic bases of quantitative traits. Additionally, among these studies, few compared single-locus and haplotype-based models and, to our knowledge, no study has yet investigated the comparison of single-locus and multilocus models for complex traits in barley. Using a set of ~44,000 GBS-derived SNPs, we investigated the capacity and reliability of three association approaches (single-SNP, multi-SNP, and haplotypebased) to explore the genetic basis of key traits in spring barley from Eastern Canada: deoxynivalenol content in kernels (DON), heading time (HTM), days to maturity (MAT), grain yield (GYD), plant height (PHT), specific weight (SPW), and 1000-kernel weight (TKW).
MATERIALS AND METHODS

Germplasm and Experimental Phenotypic Data
The population used in this study consisted of 277 advanced lines and varieties aimed to represent the genetic diversity of the six-row barley breeding program at Université Laval in Eastern Canada. Historical phenotypic data were recovered from official registration trials performed in 14 different locations in the provinces of Quebec and Ontario from 2004 to 2015, resulting in each trait having been assessed in 14 to 41 environments (location × year), as represented in Table 1 . Fusarium head blight tolerance was assessed by quantification of DON (in mg L -1 or parts per million) after growing lines in an inoculated nursery. Briefly, barley lines were grown as two-row plots 0.65 to 1 m in length, spaced 17 cm apart at a planting density of 375 plants m -2 in a randomized complete block design with two replications. Artificial inoculation was performed with maize (Zea mays L.) kernels infected with Fusarium graminearum [as per Prom et al. (1996) ]. The inoculum contained a pool of four aggressive and virulent F. graminearum strains of to the same chemotype (3Ac-DON), representing the molecular diversity present in five locations in Quebec. The quantification of DON was realized with a commercial enzyme-linked immunosorbent assay test (Veratox, Neogen Corporation, Saint Hyacinthe, QC, Canada) on 10-to 20-g samples of harvested kernels (Tangni et al., 2011) . Field trials for agronomic traits (HTM, MAT, TKW, SPW, GYD, and PHT) were performed in a randomized complete block design with two replications of four-row plots (4-5 m in length, 17 cm row spacing, and a planting density of 375 plants m -2 ) ( Table 1) . 
Trait
Code Methodology Environments † Deoxynivalenol content in kernels DON Expressed in mg L -1 , this was evaluated in artificially inoculated Fusarium head blight nurseries three to 4 wk before anthesis. 20 Heading time HTM Expressed in days from seeding; was reached when 50 to 80% of ears in the plot had emerged from the sheath (Zadoks growth scale 86-90).
14
Days to maturity
MAT Expressed in days from seeding, was scored when 50 to 80% of ears had kernels (in the central part of the spike) at the soft dough to early ripening stages (Zadoks growth scale 86-90)
41
Thousand-kernel weight TKW Measured in g on a sample of 1000 seeds obtained by a seed counter 19 Grain yield GYD For each plot, grain yield was measured and converted to kg ha -1 29 Plant height PHT Expressed in cm, was measured on two randomly selected plants (from the middle of the plot) as the distance from the ground to the top of the ear (without awns).
32
Specific weight SPW Expressed in kg hL -1 , measured the volume of 1 kg of seeds. 23
Phenotypic Data Analysis
We conducted an ANOVA of lines and estimated the broad-sense heritability 2 e H in each environment with the META-R version 6.04 program (Alvarado et al., 2015) . Broad-sense heritability was estimated as:
where 2 G s is the genetic variance, 2 e s is the error (residual) variance, and r is the number of replicates. As all lines were not characterized in all environments, best linear unbiased estimates (BLUEs) were estimated in META-R via the following model:
where y ijk is the observed phenotype; is the overall mean; Env i is the random effect of the i th environment; Rep j (Env i ) is the random effect of the j th block nested within the i th environment with Block~N(0, 2 block Is ) and Env~N(0, 2 Env Is ), where 2 block s and 2 Env s are the variance of environment and block, respectively, and is the identity matrix; Line k is the fixed effect of the k th line; Env i Line k is the random effect of the interaction between the i th environment and k th line; and e ijk is the random error term with e~N(0, 2 e Is ), where 2 e s is the error variance and I is the identity matrix. Thus, BLUEs provided a single phenotypic value for each trait and each line across all environments and this was used in the subsequent association analyses.
Genotypic Data
We extracted the genomic DNA from 5 mg of dried young leaves via a cetyl trimethylammonium bromidebased protocol [as per Doyle and Doyle (1990) ]. The DNA concentration (ng µL -1 ) of each sample was evaluated via a fluorometric quantification method (Quant-iT PicoGreen dsDNA assay kit, Thermo Fisher Scientific, Waltham, MA). A DNA quantity of 200 ng per sample was used to prepare 96-plex PstI/MspI GBS libraries as detailed in Abed et al. (2019) . To evaluate the quality of SNP calls, DNA from H. vulgare cv. Morex (the cultivar used for the barley reference genome) was included in the GBS libraries. Three 96-plex libraries were prepared; these included the 270 accessions of this study, Morex and some unrelated accessions that were not relevant to this work. After amplification and purification, each of the three GBS libraries was sequenced on two Ion PI chips on an Ion Torrent Proton sequencer (Thermo Fisher Scientific) at the Plateforme d'analyses génomiques (IBIS, Université Laval).
Single Nucleotide Polymorphism Calling and Filtration Procedure
Informative SNPs were identified and called by the Fast-GBS pipeline (Torkamaneh et al., 2017) (Mascher et al., 2017) . The SNPs were called by reads ≥50 nucleotides in length if supported by ≥2 reads. Additionally, SNP loci with more than 10% heterozygous genotypes were excluded. We removed SNP loci with >80% missing data. Finally, residual missing data were imputed with Beagle version 4.1 (Browning and Browning, 2007) . Only SNPs with a minor allele frequency (MAF) of ≥5% were used for GWAS. The accuracy of SNP calls was estimated with a Perl in-house script as the degree of concordance between the GBS-derived genotype for cv. Morex and the genotype at the same physical position retrieved from the reference genome. The accuracy of SNP calls was computed from either the entire SNP set (imputed + nonimputed genotypes), the nonimputed genotypes alone, or only the imputed genotypes.
Haplotype Catalog Construction
High-quality SNPs obtained after filtration were used to construct the haplotypes needed for the haplotype-based approach. Haplotypes were identified by PLINK version 1.90b5.3 (Purcell et al., 2007) with the Gabriel method (Gabriel et al., 2002) based on pairwise LD for SNPs within a 200-kb window. This method is based on a confidence interval and a normalized measure of allelic association (D´). The pairs of SNPs were considered in strong LD if the upper boundary confidence interval of D´ was ≥0.98 and the lower boundary was ≥0.7. Using an R script (R Core Team, 2018), we numbered the "alleles" for each haplotype as follows: all rare haplotypes (frequency ≤ 5%) were grouped into a single class (0), whereas all other haplotypes were numbered in order of increasing frequency (1,2,3… n).
Population Structure
Population structure was examined by two methods: (i) a model-based ancestry approach (maximum likelihood estimation) via ADMIXTURE version 1.3.0 (Alexander et al., 2009) and (ii) a principal component analysis (PCA), as per Price et al., (2006) , via TASSEL version 5.2.31 (Bradbury et al., 2007) . To ensure a uniform sampling of the genome, we pruned the marker set with PLINK by removing markers in LD (r 2 > 0.2) within a sliding window of 50 SNPs. In ADMIXTURE, we chose the suitable number of subpopulations (k) by using the cross-validation procedure. The Q matrix corresponding to the best k value was used for subsequent GWAS analysis. For the second method, we used the entire set of SNPs to compute the principal components capturing most of the variation present in the original data. The structure of the population was subsequently defined by six principal components vectors (P matrix) accounting for ~50% of the variation.
Genome-Wide Association Approaches
Genotype-phenotype associations were analyzed for the seven traits via three approaches: (i) single-SNP, (ii) multi-SNP, and (iii) haplotype-based. The first approach was based on associations between the estimated genotypic values (BLUEs) for each trait and individual SNP markers. It was conducted with a compressed mixed linear model in the program GAPIT version 2 (Lipka et al., 2012) . The statistical model was as follows:
where Y is the vector of phenotypes; b is a vector of fixed effects, including single SNPs, population structure (Q, P), and the intercept; u is a vector of random effects including additive genetic effects as matrix of relatedness between lines (the kinship matrix), u~N(0, K 2 a s ), where 2 a s is the unknown additive genetic variance and K is the kinship matrix; and are the design matrices of b and u, respectively; and e is the vector of residuals, e ~N(0, 2 e s I ), where 2 e s is the unknown residual variance and I is the identity matrix. Association analysis (the single-SNP approach) was performed while correcting for both population structure and relationships among individuals with a combination of either the Q + K or P + K matrices; K matrix was computed via the method of Loiselle et al. (1995) in GAPIT version 2 (Lipka et al., 2012) . The false discovery rate (FDR) was calculated for each marker-trait association in GAPIT and was considered significant if the FDR-adjusted P value (similar to the Q value) was <0.10.
The second approach tested associations between BLUEs for each trait and SNPs by using a multilocus model in mrMLM version 3.1 software (Wang et al., 2016a) . Among the existing multilocus models, we chose mrMLM, as it is among the most models widely used in crops [e.g., cotton (Gossypium hirsutum L.), rapeseed (Brassica napus L.), and rice]. This approach is based on two steps. First, individual SNPs were tested for association and selected with a less stringent level of significance. Second, a multilocus method was implemented with these selected SNPs and significance tests and SNP effect estimations were performed on these. The first step was based on a random SNP effect mixed linear model, written as Eq. [4]:
where Y is a vector of the estimated genotypic values for all lines, is an incident matrix for fixed effects as population structure (Q, P), β is a vector of the fixed effects, Z k is a vector of genotype indicators for the k th SNP, Υ k is the random effect of marker k with ~N(0, 2 k s ), u is a vector of polygenic effects described by the kinship matrix (K) with ~N(0, 2 a s K ), and e is a vector of residual errors with ~N(0, 2 e Is ). Population structure and relatedness between lines were corrected by taking the P + K and Q + K matrices into account. The result of the random SNP-effect mixed linear model was used to select SNPs with a P value of <0.01 for the second step of the analysis. In addition, to reduce collinearity among selected SNPs, all SNPs around an already selected marker (±20 kb) were eliminated. Selected SNPs were simultaneously evaluated in a multilocus random SNP effect mixed linear model (MRMLM) via the expectation-maximization empirical Bayes approach that provided a significance test for each marker using a likelihood ratio test. The logarithm of odds (LOD) score was used as the measure of the statistical test. A SNP was considered to be associated with the trait if its LOD score in the likelihood ratio test was ≥3 (corresponding to a P value of 0.0002). Because the model is multilocus in nature, there is no requirement for an FDR correction.
In the third approach, haplotype-trait associations were performed via a compressed mixed linear model implemented in TASSEL version 3 (Bradbury et al., 2007) with optimum level of compression to improve model fitting. The statistical model used is similar to Eq. [4], the only difference being that is a vector of fixed effects, including haplotype alleles (treated as classification variables). False associations caused by the population structure and relatedness between lines were avoided by considering P + K and Q + K matrices in the model. The FDR was computed by the qvalue R package (Storey et al., 2015) and only haplotypes having an adjusted P value (Q value) of <0.10 were declared to be significant. In TAS-SEL, the allelic effect is estimated relative to the last allele for which the effect is always null. Hence, the effect of a haplotype was computed as the difference between the largest and the smallest effect among haplotypes other than 0. To avoid any artifactual association caused by poor sampling of rare haplotypic alleles (haplotype Class 0) among significant associations, when the largest effect was a result of this class, the corresponding haplotype was removed. Furthermore, we considered only haplotypes with an effect greater than 3 mg L -1 (DON), 1 d (HTM), 1 d (MAT), 0.5 kg hL -1 (SPW), 1 g (TKW), 300 kg ha -1 (GYD), and 2 cm (PHT). These thresholds correspond to the minimum allelic effect of the significant associations detected by the single-SNP and multi-SNP approaches.
Comparison of the Three GWAS Approaches
To examine the degree of overlap between the significant QTL regions detected by each approach, we first needed to establish criteria for declaring such identity. In comparing regions declared to be significant by the single-SNP and haplotype-based approaches, we simply required the peak SNP in the single-SNP approach to be one of the SNP loci included in a significantly associated haplotype. For the multi-SNP approach, there was a pruning step whereby a single marker was arbitrarily kept within a 40-kb span (±20 kb from the retained SNP). Therefore, if a peak SNP from the single-SNP approach resided within 20 kb of a SNP identified through the multi-SNP approach, this was taken to indicate an identical QTL region.
For a qualitative comparison of the three GWAS approaches, we retrieved information about (i) the significance level (adjusted P values), (ii) the phenotypic variance explained by each associated SNP or haplotype (R 2 ) (based on haplotype alleles for the haplotype-based approach), (iii) the estimated heritability (h 2 ) (the genotypic variance of all SNPs or haplotypes divided by the phenotypic variance), and (iv) the MAFs. We calculated the cumulative R 2 and the goodness of fit for each trait and each approach. The significantly associated SNPs were used to conduct a multiple linear regression analysis of a full and a reduced model. The full model comprised all significant QTLs detected by each GWAS approach for each trait, population structure (Q or P), and relatedness between lines (K), whereas the reduced model contains only Q or P and K covariates. The models were fitted via the "glm" function in R (R Core Team, 2018) with Gaussian distribution. Values of cumulative R 2 were extracted via the "RsquareAdj" function implemented in the R package "vegan" (Oksanen et al., 2019) . The cumulative R 2 is the difference between R 2 obtained in the full and reduced models. The goodness of fit of each trait and each approach corresponding to the Bayesian information criterion (BIC) was calculated via the "BIC" function in R (R Core Team, 2018). Finally, quantile-quantile plots were used to determine the most appropriate correction method for each trait and each approach.
Candidate Gene Analysis and Validation
To validate and assess the reliability of marker-trait associations detected by the three GWAS approaches, we cross-referenced them against QTLs and genes reported in previous association and linkage mapping studies. Furthermore, we extracted FASTA sequences representing the putative QTLs and genes from different databases such as the National Center for Biotechnology Information (https://www.ncbi.nlm.nih.gov/, accessed 22 Aug. 2019) and GrainGene (https://wheat.pw.usda.gov/GG3/, accessed 22 Aug. 2019). Finally, we positioned all reported QTLs or genes (previous studies) and QTLs detected (current study) on the POPSEQ genetic map (Mascher et al., 2013) with Barleymap (Cantalapiedra et al., 2015) . We used different criteria to determine colocalization between intervals defined for previously reported QTL or genes and the QTLs identified in this work. For candidate genes, we tolerated a distance of up to 1 cM between the associated SNP or haplotype (this work) and a known gene. When comparing QTLs resulting from GWAS, we tolerated a distance of up to 2 cM; for QTLs detected via the linkage mapping analysis, we extended our tolerance threshold to 5 cM.
RESULTS
Phenotypic Data
Phenotypic data for the seven traits under study (DON, HTM, MAT, TKW, SPW, GYD, and PHT) were the result of extensive phenotypic characterizations derived from official registration trials over numerous years and locations (2004-2014; a total of at least 14 different environments per trait). For each environment and trait, the descriptive statistics are summarized in Supplemental  Table S1 . For all traits and environments, we obtained moderate to high broad-sense heritability (H 2 e ) and the differences between lines were significant (P value < 0.05), as shown in Supplemental Table S2 . As displayed in Table 2 , BLUE values showed a very good level of variation for the seven traits and they were normally distributed (Supplemental Fig. S1 ). As expected, some of the traits were strongly correlated. The highest correlations were obtained between HTM and MAT (0.70), between yield component traits and yield (e.g., TKW and GYD; 0.46), and between DON and GYD (0.38), as the highest yielding lines accumulated the most DON (Supplemental Table S3 ). The raw phenotypic data used in this study are provided in Supplemental Table S4 .
Genotypic Data
Genotyping and Cataloguing of Haplotypes
The SNP dataset for this work was obtained via GBS with a mean of 1,795,000 reads per line and an average read size of 135 to 167 nucleotides. Under the SNP-calling and filtering conditions described above, a total of 44,000 SNPs were identified. The average proportion of missing data was 0.45 and the mean MAF was 0.23. The accuracy of SNP calls was ~95% for the entire SNP set (99% for nonimputed SNPs and 89% for imputed SNPs). The SNP dataset is provided in Supplemental Table S5 . The raw genotypic data (FASTQ ~100 GB) are available on request.
This SNP set was also used to construct a catalog of haplotypes for the haplotype-based approach. PLINK identified ~7400 multi-SNP haplotypes. The number of SNPs forming such haplotypes ranged between 2 and 34, although the majority of haplotypes included two to four SNPs. The mean size of a haplotype was 68 kb (Supplemental Table S6 ). As haplotypes are multiallelic, the number of alleles ranged between two and nine haplotypic alleles, with a mean of three alleles, with the majority of haplotypes comprising three to four alleles (Supplemental Fig. S2 ). In addition, another 7000 haplotypes were defined by a single SNP (singleton or unblocked SNPs) such that a total of ~14,400 haplotypes were used to perform association analysis, showing a uniform distribution across the seven chromosomes (Supplemental Fig. S3 ), with some gaps around the centromeric regions.
Population Structure
Assessing population stratification and genetic relatedness in GWAS is an important step to avoid false associations between markers and traits. These were examined through ADMIXTURE and PCA (Supplemental Fig. S4) . A pruned set of SNPs (r 2 < 0.2; ~2000 SNPs) was used in ADMIXTURE and this analysis classified the population into 11 subpopulations (k = 11 displayed the lowest cross-validation error). We also performed a PCA in which the first principal component accounted for ~15% of total genetic variation in the population and the second principal component for ~8%. We noticed a good correlation between these two analyses according to the assignment of lines to subpopulations. In addition to population structure, genetic relatedness between lines was also characterized and the resulting kinship matrix (K) displayed a similar pattern, where ~11 subpopulations were clearly identified (Supplemental Fig. S4 ). From these analyses, we extracted three matrices (Q, P, and K), which we used to correct for population structure and relatedness between lines in GWAS.
Genome-Wide Association Study Approaches
Three statistical models were compared regarding their ability to detect marker-trait associations: the single-SNP approach, the multi-SNP approach, and the haplotypebased approach. The same phenotypic, genotypic data (~44,000 SNPs) and matrices (K, Q, or P) were used to detect associations with seven major traits in barley. As the multi-SNP approach is based on an initial marker selection step (p < 0.01), the second step (considering multiple "candidate" SNPs) was typically performed on a set of ~600 SNPs, depending on the trait (range: 450-800 SNPs).
Overall, for all three approaches, models including the K and Q matrices showed reasonable agreement with the expected distribution of P values, with the outliers representing the significantly associated SNPs (as seen in the quantile-quantile plots shown in Supplemental Fig. S5 ).
Comparison of the Three GWAS Approaches
We first focused on the quantitative aspect (i.e., the number of genomic regions found to be associated with a trait). The multi-SNP model detected the largest number of QTLs for most traits:39 QTLs for all seven traits. Fewer associations were revealed for the single-SNP and haplotype-based models: 18 and 23 QTLs, respectively. The peak SNPs are listed by approach and by trait in Supplemental Table S7 .
Representative results for three traits (DON, HTM, and TKW) are presented in Fig. 1 . In the outputs of these different approaches, it is important to note that both the single-SNP and haplotype-based approaches produce typical Manhattan plots in which the strength (significance) of all marker-trait associations is shown as -log 10 (p), whereas the multi-SNP approach only reports markers that jointly exceed a significance threshold (LOD score). Generally, there was a fairly good agreement between the single-SNP and haplotype-based approaches, where (i) no significant association was detected by either approach (DON), (ii) both reported a common very strong association (HTM), and (iii) both suggested some weak associations slightly above or below the significance threshold (TKW). In contrast, the multi-SNP approach reported many more significantly associated regions, including some in common with the other two approaches (e.g., HTM on chromosomes 5H and 7H) but many additional regions where neither of the two other approaches found anything significant. This was particularly striking in the case of DON and TKW. Similar trends were observed when all traits were considered; the corresponding figures for the four remaining traits are displayed in Supplemental Fig. S6 . We examined the degree of overlap between significant QTL regions detected by each approach. First, we performed comparisons relative to the single-SNP approach, as it represents the most widely used method in GWAS. For regions declared significant by the single-SNP and haplotype-based approaches, we required the peak SNP in the single-SNP approach to be one of the SNP loci underlying a corresponding peak haplotype. On average, 40% of QTLs detected by the single-SNP approach were also detected in the haplotype-based approach and 30% of QTLs detected by the haplotype-based approach were also present among the significant QTLs highlighted by the single-SNP approach. Unsurprisingly, these common QTLs were typically the strongest marker-trait associations. For the multi-SNP approach, to declare an identical QTL, we required a peak SNP from the single-SNP approach to reside within 40 kb surrounding a SNP identified by the multi-SNP approach. In total, 33% of the QTLs detected by the single-SNP approach were shared with the multi-SNP analysis. However, QTLs revealed by the multi-SNP approach that overlapped with those of the single-SNP approach represented only 15%, as the former approach detected a larger number of significantly associated regions. We subsequently expanded our field of comparison to the multi-SNP vs. haplotype-based approach and to the three approaches together. Both the multi-SNP and haplotype-based approaches relied on the joint consideration of multiple loci that were either unlinked (multi-SNP) or tightly linked (haplotype-based). As expected, few associations were found to be in common between these approaches: 13% of QTLs detected by the multi-SNP approach were also revealed by the haplotypebased approach, whereas among the QTLs revealed only by the haplotype-based approach, about 22% of them overlapped with those of the multi-SNP approach. Finally, one QTL was identified by all three approaches for four of the traits (HTM, MAT, SPW, and GYD). Details for each trait are displayed in Supplemental Table S8 .
Furthermore, for a deeper comparison of the three GWAS approaches, we analyzed (i) the portion of phenotypic variance explained (R 2 ) and cumulative R 2 for each trait, (ii) the magnitude of the allelic effect, (iii) the h 2 , (iv) the MAF, and (v) the goodness of fit of each approach.
The haplotype-based approach was, on average, the most informative one in terms of the phenotypic variance explained by significant SNPs (R 2 ), as this was the case for HTM, SPW, TKW, and GYD; however, for DON, MAT, and PHT, the multi-SNP approach exhibited higher values of R 2 . Traits with significant associations for the three approaches, namely HTM, MAT, SPW, and GYD, are displayed in Fig. 2 ; the remaining traits are presented in Supplemental Fig. S7A . However, as the multi-SNP approach provided the highest proportion of detected QTLs, the cumulative variance explained by the QTLs (cumulative R 2 ) was higher for the majority of traits, namely DON, HTM, SPW, and TKW. For the remaining traits (MAT, GYD, and PHT), the haplotype-based approach showed the highest cumulative R 2 , as displayed in Fig. 3 , in which only traits with significant associations for the three approaches (HTM, MAT, SPW, and GYD) are shown; the remaining traits are presented in Supplemental Fig. S7B . For the associations shared among the three GWAS approaches simultaneously, the allelic effects obtained for HTM, MAT, SPW, and GYD were comparable for single-SNP and multi-SNP but improved for the haplotype-based approach (Supplemental Table S7 ).
The h 2 measured via the multi-SNP approach was highest ( Fig. 4) , especially for TKW. The haplotype-based approach improved h 2 for many traits (DON, HTM, GYD, and PHT) compared with the single-SNP approach. For the three approaches, the SNPs significantly associated with traits had a MAF averaging 0.21 (range: 0.05-0.50), compared with an overall MAF of 0.23 (Supplemental Table S7 ), showing that the associations detected in each approach were not supported by rare alleles.
Finally, the goodness of fit of the models implemented with QTLs detected by the multi-SNP approach showed the lowest BIC values for all traits ( Supplemental  Table S9 ). Typically, QTLs detected by the multimarker approaches provided a better fit than the conventional approach (single-SNP). The BIC values displayed by the haplotype-based approach were similar to those of the single-SNP approach but generally showed a slight improvement in the model fit for some traits.
Comparison with Candidate Genes and QTLs
The detection of an association between the same genomic regions and a trait of interest in multiple studies is a widely used indicator of the reliability of an observed association. We performed a broad comparison with previous studies performed on the seven traits studied here. Most of the significantly associated regions identified in this study colocalized with some important QTLs and genes previously identified (via GWAS or linkage mapping) on the POPSEQ genetic map. The criteria for determining colocalization on the genetic map are detailed in the Materials and Methods section. As above, we specifically inspected DON, HTM, and TKW. Of the 32 chromosomal regions (QTLs) detected for these three traits, 27 of them (84%) were in proximity to previously reported QTLs or genes; these regions of colocalization represented 67, 90, and 80% of QTLs detected with the three GWAS approaches. Specifically, we found that 7, 32, and 8 previously reported QTLs or genes that colocalized with regions or markers detected via the Fig. 1 . Manhattan plot of trait deoxynivalenol content in the kernel (DON), heading time (HTM), and 1000-kernel weight (TKW). Green, singlesingle nucleotide polymorphism (SNP) approach; orange, multi-SNP approach; blue, haplotype-based approach. The x-axis displays the physical position of all SNPs across seven chromosomes, the y-axis shows the -log10(P value) for each SNP marker in the catalog for the single-SNP and haplotype-based approaches and the logarithm of odds (LOD) score in the multi-SNP approach. The red line is the significance threshold, which corresponds to a Q value of 0.10 for Approach 1 and 3 and a LOD score of 3 for Approach 2. single-SNP, multi-SNP, and haplotype-based approaches, respectively (Fig. 5) . This result suggested that most of the QTLs detected here represent credible marker-trait associations. More details about the candidate QTLs and genes are provided in Supplemental Table S10 .
DISCUSSION
Which Approach had the Highest Capacity to Detect QTLs? Three statistical approaches were compared for their capacity to detect marker-phenotype associations for seven major traits in a barley breeding program. The multi-SNP approach detected the largest number of significant chromosomal regions (QTLs) for most traits, as has often been reported in previous studies on other crops but not on barley, as we are the first to perform such an exhaustive comparison. For wheat, Mihalyov et al. (2017) evaluated several commonly used single-and multilocus models and found that the latter provided the greatest capacity in QTL detection. Wang et al. (2016a) and Wen et al. (2018) investigated the impact of several multilocus (e.g., mrMLM) and single-locus models on detecting significant associations for flowering traits in Arabidopsis thaliana (L.) Heynh. These authors showed that the multilocus models were more powerful. Similarly, in cotton, Li et al. (2018) identified more significant loci with multilocus models (e.g., mrMLM). This is largely caused by the nature of the multilocus models themselves. In the MRMLM model, the marker effects are considered as random, which causes the estimated SNP effects to shrink to zero (Goddard et al., 2009) and maximizes the correlation between the true and predicted phenotypic values. Thus the power of detecting QTLs with random effects is higher than that with fixed effects (Wang et al., 2016a) . All these studies agreed with our result, except Li et al. (2017b) , where the number of QTLs identified by the single-locus model was larger. The yield and degree of overlap between these two approaches seem to be related to the architecture of the trait. We obtained an overlap of 33 and 15% among QTLs detected by the single-SNP and multi-SNP approaches, respectively. In comparison, found that only ~4% of the loci were simultaneously identified in both the single-and multilocus models, whereas Li et al. (2017b) found a larger overlap of QTLs shared between the two methods (55% for MRMLM and 46% for the single-locus model). Thus when the trait of interest has a relatively simple architecture, such as branch angle in rapeseed (Li et al., 2017b) , the yield of the models is comparable with or higher than that of the single-locus model and the overlap between them can be high, whereas when the architecture of the trait is more complex (e.g., fiber quality in cotton and some of the traits investigated in this study), a multilocus model can be more powerful and the overlap can be much lower.
We found that a smaller number of associations were revealed via the more conventional single-SNP model than with an approach based on haplotype information. Previously, Lorenz et al. (2010) compared association models based on single-SNP and haplotype blocks defined with three different methods in barley; they demonstrated, with both simulated and true data for heading date, that some haplotype-based models identified more associated loci than the individual SNP model. Gawenda et al. (2015) used genome simulations with different trait architectures in barley and showed that the haplotype-based method displayed the highest power especially for detecting very small QTLs and epistatic interactions. Similarly, for other crops, Hamblin and Jannink (2011) , Contreras-Soto et al. (2017) , and N'Diaye et al. (2017) reported that haplotype-based GWAS identified QTLs that were not captured by a single-marker approach. The overlap of detected QTLs between the two approaches was 40 and 30% of QTLs detected by the single-SNP and haplotypebased approach, respectively. Lorenz et al. (2010) found that one-third of the significant associations with heading date were shared between these two models. Similarly, N'Diaye et al. (2017) recorded a limited overlap of 29% between SNPs and haplotype-based models. Combining SNPs into haplotypes significantly increased the polymorphism in the population, providing additional capacity to detect more QTLs over the single-SNP approach.
As shown in this work, the multi-SNP approach was more effective in QTL detection than the haplotypebased approach, which, in turn, was more effective than the single-SNP approach. These approaches that jointly consider multiple markers unveiled a larger number of associations, some of which were shared with the single-SNP approach. Admittedly, simulations with a controlled FDR at the same level in each approach would probably be needed to refine conclusions about the statistical power of each approach and which model would be the best for a given genetic architecture.
Comparison with Candidate Genes and QTLs
Several QTLs, markers, and genes related to important agronomic and pathogen resistance traits for barley have been investigated in previous studies that used linkage mapping (e.g., Pillen et al., 2003; Faure et al., 2007; Wang et al., 2016b) and association mapping (e.g., Comadran et al., 2012; Pasam et al., 2012; Pauli et al., 2014; Alqudah et al., 2016) . Knowing that a detected association lies close to a major gene or QTL is the first indication of the reliability of this detected region; therefore, we broadly compared the QTLs detected in our study with the genes and markers linked or associated with QTLs for the same traits identified in previous studies. Overall, we found that ~84% of our detected QTLs colocalized with some previously reported QTLs or genes. These chromosomal regions represented 67, 90, and 80% of QTLs detected by the single-SNP, multi-SNP, and haplotype-based approaches, respectively, highlighting that the degree of colocalization with previously reported QTLs and genes was high for all three approaches. In a recent study on barley, Hu et al. (2018) demonstrated that the use of multilocus models for main agronomic traits can detect more QTLs than traditional QTL analysis: among the 39 QTLs detected, 49% colocalized with same QTL regions in previous studies.
The remaining QTLs not detected before can probably provide new insights for these traits. Several studies have also proved the potential of multilocus and haplotype-based models to identify known and novel associations with traits. In barley, Hu et al. (2018) proved that among the QTLs detected by multilocus models, 51%, including some minor-effect QTLs, were novel. Moreover, Mihalyov et al. (2017) explored the use of GWAS to characterize stem rust resistance genes in winter wheat and found that a multilocus model improved the identification of new loci with direct breeding applications. Similarly, Wang et al. (2016a) and Wen et al. (2018) found that the multilocus method detected new genes and more known genes than did single-locus methods for traits related to flowering in A. thaliana. For haplotype-based models, Contreras-Soto et al. (2017) confirmed that these models can deliver new insights into the genetic basis of traits that are not provided by the single-SNP models. Despite the limited overlap between the QTLs detected by these approaches, as we showed previously, each method uncovered QTLs that have often been reported previously. This suggests that each approach is capable of uncovering a different subset of QTLs controlling any given trait.
Is There a Correlation between Yield and the Quality of the Approaches?
Further comparisons among the three GWAS approaches highlighted important results about phenotypic variance explained by associated SNPs (R 2 ), cumulative R 2 , h 2 , and goodness of fit (BIC). The multi-SNP and haplotype-based approaches were the most informative in terms of phenotypic variance explained by individual markers (R 2 ) and cumulative R 2 by trait. The multi-SNP approach exhibited a slight improvement in R 2 values compared with the single-SNP approach. Moreover, as the multi-SNP approach provided the greatest capacity in terms of QTL detection, the cumulative variance explained by QTLs was Fig. 3 . Cumulative phenotypic variance explained by significant quantitative trait loci (Cumulative R 2 ) for each genome-wide association study approach. Only traits [heading time (HTM), days to maturity (MAT), specific weight (SPW), and grain yield (GYD)] with significant associations for the three approaches are displayed. higher for the majority of traits (DON, HTM, SPW, and TKW). Similar findings were reported by Li et al. (2017b) , where significantly associated SNPs detected by MRMLM jointly explained more of the phenotypic variation than a single-locus analysis. By combining different SNPs in one model, multilocus models can identify SNP combinations that more accurately explain the phenotypic variance than single-locus models. For the remaining traits (MAT, GYD, and PHT), the haplotype-based approach yielded higher cumulative R 2 than the single-and multi-SNP approaches. Increases in R 2 attributed to haplotype information were also reported in barley by Lorenz et al. (2010) , as well as in other crops such as durum wheat (N'Diaye et al., 2017) . Similarly, the presence of multiple allelic combinations within each haplotype locus offered the potential to increase the explained proportion of phenotypic variation.
As expected, for all traits, the goodness of fit (BIC) of the models implemented with QTLs detected by the three approaches was the best in the multi-SNP approach. Such a result is consistent with the results obtained by Wang et al. (2016a) and Wen et al. (2018) . Both simulated and real data (flowering time in A. thaliana) showed that a multilocus model provides the best fit because of less bias in SNP effect estimation than in existing single-locus methods. Moreover, a higher h 2 for multi-SNP can be explained by the better fit of the genetic model used in this approach. Thousand kernel weight, one of the major yield components, is under strong genetic control and should exhibit high heritability (Wang et al., 2016b; Zanke et al., 2015) . This fact was confirmed in the multi-SNP approach, as the value of h 2 was increased to a maximum of 0.72, showing that this approach is capable of capturing more genetic variance to explain the phenotype, as expected for this trait.
A correlation exists between the number of significant associations found and the degree to which these explain the phenotypic variance present within a population. The multi-SNP approach was the most powerful and informative approach, as it revealed the largest number of significant associations, explained more of the phenotypic variance, and provided the best fit with the genetic model (BIC and h 2 ) for each trait. Compared with the multi-SNP approach, the single-SNP and haplotypebased approaches were relatively similar in terms of yield of detected QTLs and magnitude for cumulative R 2 , BIC, and h 2 with an improvement when we used haplotype information instead of individual SNPs.
What is the Best Approach?
Many studies conclude that the genetic architecture of a trait heavily influences which statistical model to use (Lorenz et al., 2010; Wang et al., 2016a) . As reported in several studies, DON, HTM, MAT, and GYD are complex quantitative traits with low to moderate heritability and probably epistatic interactions (Griffiths et al., 2003; Horsley et al., 2006; Steffenson and Smith 2006; Campoli et al., 2012; Mikołajczak et al., 2016; Wang et al., 2016b) . These traits need complementary information from different GWAS models to capture the genetic makeup more clearly. This was the case for DON (resistance to Fusarium head blight), one of the most determinant traits for barley breeding programs. Neither the single-SNP nor haplotype-based approach detected significant associations, whereas the multi-SNP approach succeeded in detecting several associations. These included the UDP-glucosyltransferase gene on chromosome 5H (Li et al., 2017a) with an allelic effect of 7 mg L -1 . As mentioned by Lorenz et al. (2010) , it is not realistic to assume one approach to be superior for different genetic architectures. As QTLs may be detected with one approach but not the other, especially for complex traits, it is probably beneficial to use multiple approaches for GWAS (Vaughn et al., 2014; Misra et al., 2017; Li et al., 2018) . These authors demonstrated that single-and multilocus models are complementary and that combining information from these models improved QTL identification and interpretation. Many authors (Lorenz et al., 2010; Hamblin and Jannink, 2011; Contreras-Soto et al., 2017) suggested performing GWAS with both SNPs and haplotypes to take advantage of all the genotypic information and offer a better dissection of quantitative complex traits.
Our study demonstrated the efficiency of an integrated GWAS procedure, combining single-locus (SNP or haplotype) and multilocus GWAS approaches to improve the capacity and reliability of association analysis to detect QTLs. Moreover, one can potentially assume that QTLs simultaneously detected with the three GWAS approaches are highly likely to capture true associations that will be useful in breeding. For example, the QTL located on chromosome 4H at 25.9 cM, which is strongly associated with yield and identified by all three GWAS approaches in our association panel, maps to the same location (chromosome 4H, 25.7 to 26.8 cM) as a QTL reported by Gawenda et al. (2015) that was very highly associated with several traits related to yield. Moreover, this QTL colocalized with the intermedium-c gene involved in the development of size and fertility in the lateral floret of barley (Pasam et al., 2012) . The efficiency of barley breeding programs may be improved by the practical use (via markerassisted selection) of some QTLs (highest allelic effect) detected in this study. However, we stress the fact that the associations reported in this work should be validated (e.g., in biparental crosses) before undergoing large-scale use. Supplemental Table S1 . Descriptive statistics of phenotypic data in each environment for the seven traits. Supplemental Table S2 . Variance component, broadsense heritability, and genotypic significance for each trait and each environment. Supplemental Table S3 . Pearson's correlation between BLUEs of the studied traits. Supplemental Table S4 . Raw phenotypic data in each environment for the seven traits under study. Supplemental Table S5 . Single nucleotide polymorphism dataset (~44,000) for the population under study. Supplemental Table S6 . Number of haplotypes and their properties for each chromosome. Supplemental Table S7 . Summary of GWAS results obtained with the three GWAS approaches: Single-SNP approach, multi-SNP approach, and haplotypebased approach. Supplemental Table S8 . Overlap between QTL regions detected by the three GWAS approaches for the seven traits. Supplemental Table S9 . Goodness of fit (BIC) for QTLs detected by the three GWAS approaches. Supplemental Table S10 . List of QTLs or genes (previously reported in GWAS and linkage mapping studies on barley) in proximity with QTL regions detected by Single-SNP, multi-SNP, and haplotype-based approaches for DON, HTM, and TKW.
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Supplemental Fig. S1 . Histograms of distribution of BLUE values combined across all environment for each trait.
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Supplemental Fig. S3 . Distribution of ~7400 haplotypes and 7000 single SNPs (singletons) across seven chromosomes of barley on the IBSC_V2 physical map.
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Supplemental Fig. S7 . Phenotypic variance explained by significant SNPs (R 2 ) and cumulative phenotypic variance (cumulative R 2 ) for each GWAS approach and each trait.
